Introduction
============

Much of our understanding of biological processes has been derived from the characterization of the functional consequence to an organism of altering one or more of its genes. Recent progress in high-throughput approaches now make it possible to systematize such classical genetic efforts and carry out phenotypic analysis of compromised alleles on a genomic scale. Specifically, deletion libraries for model organisms like the budding yeast *Saccharomyces cerevisiae* and RNAi-based screens in metazoans have greatly facilitated efforts to define gene function ([@b39]; [@b7]; [@b34]; [@b16]). The ability to measure the phenotypic consequences of gene deletions on a genomic scale has also provided a broad range of systems-level insights, including the link between network connectivity and essentiality (centrality--lethality) in protein interaction networks ([@b14]) as well as the relationship between essentiality and cell-to-cell variability (noise) ([@b5]; [@b25]). Finally, the quantitative cost of gene loss has far-reaching implications for evolutionary theory, including the connection between gene importance, rates of evolution ([@b11]) and patterns of conservation among related phyla ([@b21]).

Efforts to systematically evaluate the phenotypic effects of gene loss, however, have been hampered by the fact that the disruption of most genes has surprisingly modest effects on cell growth and viability. In *S. cerevisiae*, for example, less than 20% of genes are essential, and the large majority of the remaining deletions have little or no detectable effect on growth in rich media ([@b7]). Similar observations have been made for other eukaryotes ([@b16]) and prokaryotes ([@b19]). The high proportion of genes with no apparent deletion effect has wide-ranging practical and theoretical implications and has been the subject of considerable interest ([@b37], [@b38]; [@b7]; [@b8]; [@b28]; [@b15]).

One factor that has been implicated as contributing to the high degree of dispensability is the abundance of closely related paralogs present in most genomes ([@b39]; [@b37]; [@b7]). Indeed, recent work in *S. cerevisiae* has shown that the existence of a paralog elsewhere in the genome significantly increases the chance that deletion of a given gene has little effect on growth ([@b8]). The prevailing explanation for this excess dispensability among duplicates is that it is due to backup compensation in which duplicate genes with overlapping functionality cover for the loss of their paralogous partner gene.

While excess dispensability of duplicates compared to singletons is well documented, the magnitude and underlying mechanism of such effects remain unclear. Specifically, backup compensation is only one possible way to explain the observed difference in mutant fitness between duplicates and single-copy genes. A recent study, for example, suggests that the difference arises because genes with severe deletion phenotypes are less likely to have undergone duplication or have their duplicates retained ([@b9]). Another possibility is that specialization following the duplication event may have allowed paralogs to distribute functions among them such that each duplicate is required in a more limited set of conditions than the ancestor gene, as appears to have occurred with ubiquitin ligases ([@b29]) or nuclear import receptors ([@b24]). Analyses to date have been mostly correlative, and direct mechanistic evidence supporting or refuting the role of backup compensation in mutational robustness is still largely missing. Furthermore, backup between duplicates is not easily justified in evolutionary terms, in that a genuine ability to comprehensively cover for the loss of another gene is evolutionarily unstable ([@b1]). Finally, even if one accepts the prevailing model of backup compensation, current estimates for the contribution of duplicates to robustness against deletions cover a wide range (∼20--60%) ([@b8]), and perhaps less ([@b28]).

Recently, two approaches (synthetic genetic arrays (SGA) and diploid-based synthetic lethality analysis on microarrays (dSLAM)) have been developed to identify synthetic sickness/lethal (SSL) relationships in *S. cerevisiae* by systematic generation of double mutant strains ([@b35], [@b36]; [@b27]). These large-scale techniques provide a unique opportunity to address these issues directly. Genetic interactions quantify the extent to which the phenotype of mutating one gene is modulated by the absence or presence of another. In particular, SSL interactions occur between genes whose simultaneous deletion phenotype is much stronger than expected from the two single deletions. A clear prediction of the backup model is therefore that buffering duplicates should exhibit a strong SSL interaction with their paralog. Using two recent data sets of high-density epistatic mini-array profiles (E-MAPs) ([@b32]; [@b42]), we provide direct experimental evidence for duplicate compensation, but find that the contribution of this mechanism to robustness against deletion is close to the lower-bound estimate given previously ([@b8]).

More broadly, the ability to identify the subset of duplicates with buffering capacity allowed us to explore their properties and how they differ from non-buffering paralogs. In particular, we investigate to what extent the capability to mitigate the deletion defect of paralogs in rich media reflects genuine redundancy, where one gene comprehensively covers for the loss of another. To this end, in a distinct use of *EMAP* data, we employ patterns of genetic interactions as high-resolution phenotypes to compare the functional role of buffering duplicates. Strikingly, this more detailed phenotypic readout reveals that even SSL duplicates show rich spectra of genetic interactions with other genes, implying that their ability to provide functional backup is not upheld in the presence of additional deletions. Similarly, deletions of buffered duplicates resulted in measurable growth defects when a larger variety of environments are taken into account. Lastly, patterns of interactions are divergent between duplicates and more similar to non-paralogous genes in general.

Taken together, our results indicate that although a fraction of duplicates can provide buffering compensation in optimal growth environments, in most cases they are functionally divergent and unable to provide genuine backup against the loss of their paralogous copy over a range of compromising conditions, represented here through additional gene deletions as well as environmental perturbations. We discuss the physiological relevance of deletion backgrounds, and demonstrate that synthetic interactions provide an evolutionarily significant deletion phenotype for the majority of genes whose deletion in rich media has little phenotypic effect.

The role of duplicate genes in robustness against deletions
-----------------------------------------------------------

To explore the contribution of duplicates to robustness against deletion, we used two data sets of high-density genetic interaction maps, one centered around genes of the endoplasmic reticulum (ER; [@b32]) and a more recent one of genes involved in chromosome biology ([@b42]). Both sets consist of quantitative measures of alleviating (positive) and aggravating (negative, SSL) interactions between gene pairs. Among the 1136 genes covered, 300 genes were classified by sequence similarity as unambiguously having no paralogs (singletons) and 90 were found to have exactly one duplicate copy (duplicates). To ensure only pairwise interactions, gene families of more than two paralogs were excluded from the analysis.

Duplicates whose lack of a strong deletion phenotype is due to buffering compensation are expected to be synthetically sick or lethal with their corresponding paralog. In line with previous results for a smaller data set ([@b36]), we find that duplicate pairs of genes are significantly more likely to interact negatively than unrelated pairs of genes ([Figure 1A](#f1){ref-type="fig"}). To test whether SSL paralogs can account for the excess fitness of duplicates, we classified genes into fitness categories according to their deletion growth defect (Materials and methods). The subset of genes covered by our combined data set exhibits an over-representation of duplicate genes in the weak/no deletion phenotype (WNP) class similar to that reported previously ([@b8]) ([Figure 1B](#f1){ref-type="fig"}). Specifically, the proportion of genes in the WNP class was 67% for duplicates compared to 47% for singletons. Strikingly, this difference (17 genes) corresponds to the number of WNP duplicates (17 genes) that have an SSL interaction with their corresponding paralog ([Figure 1C](#f1){ref-type="fig"}). Notably, this result is not sensitive to the exact definition of the WNP class ([Figure 1D](#f1){ref-type="fig"}). Similar results are observed when the two data sets of genetic interactions are analyzed separately ([Supplementary Figure 1](#S1){ref-type="supplementary-material"}). Although the discrepancy between duplicate and singleton dispensability is substantially different for the two data sets (26% compared to 14%), this difference is closely matched by the number of WNP SSL duplicates in both cases. Furthermore, these results are robust to random subsampling of the data ([Supplementary Figure 2](#S1){ref-type="supplementary-material"}).

Most buffering duplicates have a number of SSL interactions in addition to those between the paralogs themselves, each of which could provide backup compensation. Further analysis, however, distinguishes the interactions between duplicate genes. Specifically, the number of interactions between paralogous pairs is highly significant and cannot be attributed to chance or a higher number of interaction partners for duplicates. Assuming a model where each ER duplicate interacts with the duplicate average of 8 genes, the probability of obtaining the observed number of interactions (or more) between duplicates by chance is *P*\<10^−13^ (Materials and methods). Furthermore, the interactions between most SSL duplicates are significantly stronger in magnitude than the remaining interactions with other genes ([Supplementary Table 1](#S1){ref-type="supplementary-material"}).

Our data thus provide direct evidence that it is indeed duplicate compensation that accounts for the observed difference in deletion growth defect between duplicates and singletons, at least for the genes covered by our data set. However, out of 59 WNP duplicates, only 17 (29%) are SSL with their paralog. Assuming that the observations made for our data set hold on a genomic scale, this suggests that the contribution of duplication to overall robustness against deletions is close to the lower-bound estimation (23%) given previously ([@b8]).

Can duplicates provide genuine backup?
--------------------------------------

Apart from the mechanism itself, the characteristic features of buffering duplicates have received considerable attention ([@b8]; [@b15]; [@b38]). For example, it might be expected that buffering duplicates have diverged less in key properties than those that are unable to provide backup ([@b38]). Other reports have suggested that backup pairs are typically not coexpressed but rely on feedback causing the upregulation of the duplicate ([@b15]). Also in these studies, conclusions drawn from correlative arguments, based on the enrichment with dispensable genes, have been indirect and subject to debate ([@b41]; [@b10]). In contrast, our data allowed us to unambiguously distinguish the subset of duplicates whose dispensability can be attributed to the existence of a backup paralog. The ability to identify backup duplicates directly put us in a position to study their features, and how they differ from other duplicates without buffering properties. In particular, we asked to what extent the observed buffering in rich media reflects functional similarity and a genuine ability to cover for the loss of a paralog in a broader range of conditions.

Immediately following a duplication event, duplicate gene pairs are expected to be fully redundant, before undergoing divergence in sequence, function and regulation. The capability of some duplicates to compensate for each other\'s deletion in rich media suggests that for SSL duplicates, at least some functional overlap has been retained long after the duplication event. Indeed, in line with earlier results ([@b8]), we find that buffering genes are on average more similar in sequence than non-SSL duplicates ([Figure 2A](#f2){ref-type="fig"}). The extent of functional overlap between them, however, remains unclear.

To assess the extent to which SSL duplicates can provide genuine backup under compromising conditions, we used genetic interaction profiles as a more stringent test for redundancy that assesses the effect of gene loss in the background of additional gene deletions. Duplicates that are comprehensively covered by backup paralogs should be characterized by a very small number of negative interactions, as in the presence of full backup their loss should have little phenotypic effect. In the extreme case of perfect redundancy, the only expected interaction is between the duplicates themselves. In striking contrast, we find that SSL duplicates have a substantial number of synthetic interactions that often exceeds that of random genes and non-SSL duplicates ([Figure 2B](#f2){ref-type="fig"}). Thus, the backup capacity of SSL duplicates is limited and not indicative of a comprehensive ability to cover for the loss of the paralogous partner.

We next used patterns of genetic interactions to test the degree of functional similarity of buffering duplicates. Correlated interaction profiles have been shown to be a strong indicator of shared functionality ([@b36]; [@b32]; [@b27]). However, in spite of their rich media buffering properties, we find that the interaction patterns of most SSL duplicates are divergent ([Figure 2C and D)](#f2){ref-type="fig"} and profile correlations between them are usually exceeded by correlations with other, non-paralogous genes ([Figure 2E](#f2){ref-type="fig"}). For example, the highest correlation coefficient between SSL duplicates in our data set was *c*=0.3 for histones (see below). In contrast, genes coding for constituents of the same complex (whose deletion therefore has highly similar effects) typically reach much higher correlation values ([Figure 2C](#f2){ref-type="fig"}) ([@b32]; [@b42]). This suggests that even duplicates that are substantially different in function or regulation can nevertheless provide some backup at least in standard laboratory conditions. Conversely, other duplicates with less divergent properties lack buffering capability.

Role of duplicates in dosage amplification
------------------------------------------

Although the epistatic profiles of most duplicates are divergent, a notable exception is provided by the four histone genes hht1/hht2 and hhf1/hhf2 ([Figure 2D](#f2){ref-type="fig"}), whose patterns of interactions are significantly correlated (*P*\<10^−21^ and *P*\<10^−12^, respectively). While the majority of duplicates with distinct sets of genetic interactions are likely fixed in the population because of divergent function and/or regulation, such functionally similar paralogs may be retained because their gene product is required at high abundance ([Figure 3A](#f3){ref-type="fig"}). In this scenario, both genes should be subject to similar regulation in addition to their correlated interaction profiles. They should also be abundant. To test this, we used a database of \>1000 expression profiles measured across a variety of cellular conditions ([@b12]), as well as data from a genome-wide study of protein abundance ([@b6]). Supporting their role in dosage amplification, we find that, in contrast to other pairs of buffering duplicates, histones are indeed strongly correlated in their expression patterns and expressed at high copy number ([Figure 3B](#f3){ref-type="fig"}). Even in this case, however, both duplicates have a number of specific genetic interactions, suggesting a degree of functional diversification even between these proteins. This is consistent with a related recent analysis of another pair of coexpressed and abundant histones (hta1--htb1 and hta2--htb2) ([@b23]).

As these observations are based on the limited and specific subset of duplicates that are represented in our genetic interaction data sets, we asked if a similar correlation between protein abundance and coexpression holds on a genomic scale. To this end, we plotted protein abundance values for the full set of duplicates and singletons in the genome ([Figure 3C](#f3){ref-type="fig"}). As had been observed previously for mRNA copy number ([@b33]), we find that duplicates are significantly enriched in the high-abundance regime. We then divided duplicates into low- and high-abundance classes, and considered the distribution of expression correlations for both separately. Remarkably, we find that most abundant duplicates have highly similar expression patterns ([Figure 3D](#f3){ref-type="fig"}).

Apart from absolute copy number, duplicates that are simultaneously required for reasons of amplification might also be expected to be expressed at similar levels. In support of this, we find that abundance levels are significantly more similar between duplicates (and in particular SSL duplicates) than random gene pairs ([Figure 3E](#f3){ref-type="fig"}). Consistent with our hypothesis, this effect is especially pronounced for duplicates with correlated expression patterns ([Figure 3F](#f3){ref-type="fig"}).

Rich deletion phenotypes based on genetic interaction spectra
-------------------------------------------------------------

Our finding that even buffering duplicates have rich deletion phenotypes in the presence of additional mutations prompted us to use genetic interaction spectra more broadly to assign deletion phenotypes to generic genes whose deletion in standard conditions has little measurable effect. Apart from duplicate compensation, the effectiveness of single deletions is limited by other compensation mechanisms like distributed robustness (backup pathways) ([@b37], [@b38]), or condition-specific gene requirement ([@b28]). Systematic exploration of growth defects in double deletions is capable of overcoming these limitations. First, genes buffered through alternative pathways are synthetically sick or lethal with members of these pathways. This is one of the classical ideas underlying the study of genetic interactions. Second, many cellular conditions are characterized by specific stresses or availability of substrates that can be mimicked using genetic perturbations, thus eliciting a phenotype from genes that are not required under rich media conditions. For example, gene deletions of transporter genes in rich media have similar effects as the absence of the corresponding nutrients in a specific environment. Biosynthetic genes that may be dispensable in rich media are essential in these environments, and correspondingly exhibit SSL interactions with transporters. Similarly, cellular stress conditions can be mimicked by deletion backgrounds. For example, genes involved in the unfolded protein response (UPR) display little fitness defect in rich media. However, additional deletion of chaperones or genes involved in glycosylation is lethal, reflecting the requirement of the UPR in conditions that compromise ER folding activity ([Figure 4A](#f4){ref-type="fig"}). Finally, many drugs inhibit specific genes and therefore have an effect similar to that of a deletion.

Genetic interaction profiles are thus expected to reveal a phenotype in many instances for which single gene deletions in rich media would not. Indeed, the interaction spectra of genes covered by our data sets reveal that 80--90% of genes have at least one significant genetic interaction, whereas single gene deletions in five growth environments ([@b34]) yield a detectable growth defect only for 30--40% ([Figure 4B](#f4){ref-type="fig"}). Thus for most genes, there is a substantial cost of gene loss, even though this is often not reflected in single gene deletion tests carried out in rich media. A similar observation was made in bacteria, where the effect of many mutations was found to depend on the environmental and genetic context in which they were tested ([@b30]).

Are genetic interactions indicative of gene importance? To address this question, we asked if there is a relationship between the probability of a gene being retained between related species and its number of genetic interactions (genetic interactivity). As has been noted before, genes that are essential for viability have a higher probability of retention than those with a viable deletion phenotype. However, among non-essential genes, we find that genetic interactivity exhibits a strong correlation with gene retention across related phyla ([Figure 4C](#f4){ref-type="fig"} and [Supplementary Figure 7](#S1){ref-type="supplementary-material"}), and predicts the likelihood of gene loss better than lethality/viability, quantitative growth deficiency or environmental specificity ([Supplementary Figure 8](#S1){ref-type="supplementary-material"}). These results suggest that double deletions reveal a cost of gene loss that is physiologically relevant and effectively recapitulates evolutionary constraints.

An alternative way of overcoming environmental specificity is to carry out deletion assays in a larger number of cellular environments and stresses. Indeed, in a recent study, sensitivity profiles of deletion strains to a range of agents and environments were shown to provide numerous functional predictions of genes with unknown functions ([@b2]). It is interesting to compare this large data set with our genetic interaction spectra. Although both genetic and sensitivity profiles successfully cluster functionally related genes, the most comprehensive data set of sensitivity profiles currently available (51 conditions centered around DNA-damaging agents) is not sufficient to give a comparable degree of functional enrichment to that seen with genetic interactions ([Figure 4D](#f4){ref-type="fig"}). Future studies assaying a larger number of diverse conditions could overcome this limitation and provide similar functional enrichment as that obtained from genetic interaction profiles on a genome-wide scale. Consistent with our argument, the propensity of a gene to show sensitivity to these drugs and environments increases with the number of its genetic interaction partners ([Figure 4E](#f4){ref-type="fig"}, *P*\<10^−26^). This correlation is likely because many drugs inhibit specific genes and thus have an effect similar to that of a mutation. Likewise, as mentioned above, certain physiological environments are effectively mimicked by gene deletions. This is further supported by the observation that the correlation between the number of genetic interactions and sensitivity profiles remains stable when drug treatments are eliminated from the data set, such that only naturally occurring environments remain ([Supplementary Figure 6](#S1){ref-type="supplementary-material"}).

Importantly, environmental sensitivity profiles provide independent evidence for the inability of buffering paralogs to comprehensively cover for the loss of their partner gene: the deletion of SSL duplicates across a range of environments has on average no weaker (and in fact a slightly stronger) effect on cellular growth rate than that of non-SSL duplicates or random genes ([Figure 4F](#f4){ref-type="fig"}). Likewise, when sensitivity profiles are used as a functional signature that complements that of genetic interaction spectra, we similarly find that profiles between most SSL duplicates have substantially diverged ([Supplementary Figure 10](#S1){ref-type="supplementary-material"}) and, with one exception, display greater similarity to those of other, non-paralogous genes in the data set.

Discussion
==========

The high proportion of dispensable genes in yeast as well as other eukaryotes ([@b16]) and prokaryotes ([@b19]) represents both a theoretical and practical challenge. In practical terms, the fact that thousands of genes fail to exhibit a detectable growth defect under multiple conditions substantially limits efforts of systematic phenotyping. Elucidation of gene function, in particular, relies critically on the ability to elicit a rich range of phenotypes. Conceptually, the high degree of dispensability has widely been taken as evidence for mutational robustness (i.e. the ability of the system to function after genetic changes), similar to robustness observed in biochemical networks ([@b18]). Direct mechanistic evidence for the underlying causes, however, has largely been missing. In addition, true dispensability and redundancy are difficult to justify because of their evolutionary instability.

One factor that has been implicated in the high degree of dispensability is the presence in the yeast genome of numerous paralogs, originating both from the large-scale duplication event more than 100 million years ago as well as from smaller scale duplications ([@b40]; [@b17]). Although such duplicates are often lost rapidly, in a fraction of cases they are retained in functional form. The reason and consequence of such retention has been the subject of considerable interest. For example, duplications could have provided an opportunity to greatly increase mutational robustness of the organism. However, although our data provide direct support for the role of duplicate buffering, we find that its total contribution to dispensability is small. Together with the observation that the majority of duplicates are not synthetic with their paralog, this argues that the evolutionary pressure to maintain similar functions between duplicates is low at best. Instead, our findings suggest that the predominant reason for the retention of duplicates is for functional innovation and refinement ([@b26]).

The fact that our study is confined to the genes of the two currently available large-scale genetic interaction data sets raises concerns about the generality of our results. However, it should be noted that genes in the first data set (ER) were chosen by their cellular localization and included both soluble and membrane-bound proteins of diverse and often unknown function. In contrast, the genes of the second data set were selected based on their known functions centered around chromosome biology (including DNA damage repair, transcriptional regulation, chromosome segregation, telomere regulation as well as the cell cycle), and comprised largely soluble genes of diverse localizations. Importantly, the close correspondence between the excess robustness of duplicates and the number of those that are SSL with each other ([Figure 1C and D](#f1){ref-type="fig"}) is observed for each of the two data sets separately as well as in combination ([Supplementary Figure 1](#S1){ref-type="supplementary-material"}). This is particularly noteworthy as the fitness distributions themselves differ substantially between the two data sets. The fact that these two very different data sets separately support our conclusions argues in favor of their generality. This is furthermore supported by the observation that these results are robust against subsampling of the data ([Supplementary Figure 2](#S1){ref-type="supplementary-material"}). However, there may be other subsets of genes for which the observed relationships will not hold. The present analysis can serve as a framework to explore this question as more genetic interaction data become available.

Is the subset of paralogs that do contribute to dispensability functionally redundant? We find that even duplicates with strong SSL interactions are far from a state of redundancy and rarely, if ever, exhibit a capacity to broadly cover for the loss of paralogous partner genes. Using epistatic interaction spectra as an indicator of function, we ascribe this lack of generic backup capacity to two distinct reasons, namely functional divergence and dosage amplification. In the first case, most duplicates are largely uncorrelated in both interaction spectra and expression profiles. These duplicates either overlap only in specific functions or are subject to different regulation, or both. Although deletion of these genes has little effect in rich media, they exhibit a considerable number of synthetic interactions. Previous analyses had suggested that the degree of divergence between duplicates is such that most are unlikely to serve as backup copies ([@b38]). In contrast to such expectations, our experimental data show that high similarity in sequence, regulation or interaction patterns *per se* appears not to be a prerequisite for backup capability.

In the case of dosage amplification, a small subset of duplicates with a high degree of functional and regulatory similarity is likely involved in processes where their gene product is required at high copy number. In spite of their functional similarity, loss of one of the duplicates thus generally has a deleterious effect. This is illustrated by the example of the histone genes hht1/hht2 and hhf1/hhf2, which are identical in coding sequence, expressed at high and similar copy number and capable of buffering in rich media conditions. In spite of their great similarity, however, cells are far from robust against the loss of one of the copies in general conditions, as evidenced by their large number of SSL interactions. A role of duplicates in dosage amplification complements previous results in yeast metabolism, where most isozymes were found to be differentially coregulated with separate pathways ([@b13]). Although no genome-wide genetic interaction data are available, the observation that the relationship between coexpression, abundance and abundance similarity holds on a genomic scale supports the role of dosage amplification for a significant subset of duplicates in the genome ([@b33]; [@b20]).

The ability to elicit numerous genetic interactions from ostensibly dispensable genes, including those buffered by a paralog, raises the question of the physiological relevance of deletion backgrounds. Rich genetic interaction spectra of buffering duplicates could point to pleiotropic genes, where each subfunction is buffered by a separate backup gene. Alternatively, as detailed above, deletion backgrounds can provide cellular stresses that mimic physiological environments and thus reveal phenotypes for genes required only in specific conditions. The use of genetic interactions as a reporter of such condition specificity is supported by the correlation between the number of synthetic interactions, phylogenetic retention and environmental sensitivity, as well as the observation that similarity in genetic interaction spectra is strongly indicative of similarity in sensitivity profiles ([Supplementary Figure 11](#S1){ref-type="supplementary-material"}, *P*\<10^−21^). A related connection was found in bacteria, where the effect of mutations that exhibit epistasis were shown to be more likely to simultaneously depend on the environment ([@b30]).

Previously known examples of duplicates that provide compensation in some environments and not others include the three yeast A kinase isoforms tpk1, tpk2 and tpk3, which are separately dispensable in rich media, but have different functions under conditions of pseudohyphal growth, where tpk2 is essential ([@b31]). From an evolutionary point of view, condition-specific gene requirement and backup capacity that is limited to some environments offer a way to reconcile the concept of robustness against deletions with the constraint that genes whose loss is not associated with a phenotypic penalty cannot be maintained in the population. In addition to the rich genetic interaction spectra of SSL duplicates, this view is further supported by the observation that growth rates of buffering paralogs are no less and in fact slightly more affected by environmental perturbations than non-buffering duplicates or random sets of genes.

*In silico* models of cellular metabolism based on flux balance analysis (FBA) have similarly predicted a large fraction of seemingly dispensable genes that are in fact required, but only in specific environments ([@b28]). Our findings provide experimental support for these predictions in the context of deletion backgrounds, and demonstrate that they are not confined to metabolic genes. On the issue of duplicates, however, our results differ from those of FBA-based models, where full redundancy is an explicit assumption. Similarly, previous analyses view duplicate buffering, condition-specific gene requirement and alternative pathways as separate mechanisms, whereas our data suggest that they are inter-related in the sense that the function of backup genes and pathways is often dependent on the cellular environment as well.

Materials and methods
=====================

Genetic interaction data
------------------------

Two separate data sets of quantitative genetic interaction profiles were used, one of 424 genes involved in endoplasmic reticulum function ([@b32]) and a more recent data set of 743 genes centered around DNA damage and transcription ([@b42]). To control for the different sizes of the two sets, the number of interactions in the second set was scaled by a factor of 424/743 in [Figure 4B](#f4){ref-type="fig"}. Details of how the data were generated can be found in literature ([@b32]; [@b4]). Briefly, colony sizes of double mutants were measured under identical conditions, and size measurements were normalized to correct for systematic errors. Interaction scores were calculated for each pair of genes using a modified *t*-statistic, based on the means and variances of the normalized double and single mutant sizes. The interaction score reflects the fitness of the double mutant, relative to the fitness that would be expected given the fitness of each single mutant. This expected fitness (assuming no genetic interactions) is determined empirically from the data by considering the full set of double mutants involving each single deletion. Negative and positive scores indicate aggravating (SSL) and alleviating interactions, respectively. Both data sets contain genetic interaction scores between the possible pairwise combinations of genes in each set. The genes contained in each data set are listed in [Supplementary Table 3](#S1){ref-type="supplementary-material"}.

Genetic interaction correlations
--------------------------------

Each gene was assigned an interaction profile, that is, a vector containing the genetic interaction score with all other genes in the data set. Genetic interaction correlations were calculated between these profiles using the Pearson correlation coefficient. Calculations of the corresponding *P*-values were made using the Matlab function *corrcoef*, which uses the correlation to generate a *t*-statistic.

Definition of SSL interactions
------------------------------

Following [@b32], negative interactions were considered significant beyond a threshold value of −3, unless otherwise stated.

Identification of duplicates and singletons and calculation of substitution rates
---------------------------------------------------------------------------------

Gene pairs were defined as paralogs if their BLASTP *E*-values was \<10^−20^ and whose protein lengths differed by no more than one-third. Following [@b8], singletons were defined as genes with no hits in a FASTA search at *E*=0.1. Rates of synonymous and non-synonymous substitution were calculated using an estimation algorithm ([@b22]) implemented in the Matlab package MBEToolbox ([@b3]). Gene families of more than two paralogs were excluded from the analysis.

mRNA expression profiles
------------------------

We used a compilation of several published microarray data sets taken from [@b12]. These data comprise genome-wide transcription profiles under a large variety of cellular conditions, including gene deletions, environmental stresses, different growth media, cell--cycle progression, etc. Log 2 ratios across 1011 available conditions were used to calculate Pearson correlation coefficients between pairs of genes.

GO term annotations
-------------------

GO term annotation files were downloaded from <http://www.geneontology.org>. The assignment of genes to the different categories was extended to include parent terms, that is, genes assigned to a given category were assigned to the parent categories as well. Genes were considered positive if they co-appeared in at least one functional category of the *biological process* ontology with no more than 300 genes. Negative pairs consisted of genes whose most specific co-annotation occurs in terms containing at least 1000 genes.

Definition of WNP and other fitness classes
-------------------------------------------

Following [@b8], the genes whose minimum deletion growth rate in five environments exceeded a threshold value of 0.95 were assigned to the *weak/no phenotype* (WNP) class. Genes with lower fitness were assigned to the *strong phenotype* class. Deletion growth rates in five environments (YPD, YPDGE, YPG, YPE, YPL) were downloaded from the Yeast Deletion Project database at the URL <http://www-deletion.stanford.edu/YDPM/YDPM_index.html>.

Definition of gene sensitivity
------------------------------

Genome-wide sensitivity profiles were taken from [@b2]. Relative abundance of each strain in a pool of deletion mutants was measured using oligonucleotide arrays. The data generated in each experimental array were normalized to that of a control array, resulting in logarithmic ratios *S*~*i*~^*j*^ for each gene *i* in condition *j*. A combined sensitivity coefficient was calculated for each gene as

where *θ* is the unit step function, such that the sum is only over negative entries (corresponding to growth defects). This coefficient provides a measure of how strongly the deletion of each gene affects cellular growth over the 51 conditions studied.

Removal of drug additions from the data set resulted in the following 15 environmental conditions: YPD, RafA, GlyE, Alk-5g, Alk-15g, Gal-5g, Gal-15g, Lys, Min-5g, Min-15g, NaCl-5g, NaCl-15g, SC, Sorb-5g, Sorb-15g.

Significance of SSL interactions between duplicates
---------------------------------------------------

The chance of finding at least *n*~ssl~ duplicates out of *n*~d~ with a negative interaction between them can be expressed as

where *Q* is the average number of negative interactions of duplicates assigned to the WNP class and *n* is the number of genes in the E-MAP. The right-hand side can be evaluated in a numerically stable form using the Matlab function *binocdf*.

Supplementary Material {#S1}
======================

###### 

Supplementary Material

###### 

Supplementary Table 1

###### 

Supplementary Table 2

###### 

Supplementary Table 3

We thank Naama Barkai, Kim Tipton and members of the Weissman lab for helpful comments and discussion. We are grateful to Zhenglong Gu and Lars Steinmetz for providing us with deletion fitness data and gene sets. This work was supported by the Helen Hay Whitney Foundation (JI) and the Howard Hughes Medical Institute.

![(**A**) Enrichment of duplicates with SSL interactions. Shown is the fraction of duplicates (blue) and random gene pairs with interaction strength less than the threshold value *s*, as a function of *s*. The threshold used in this work to define SSL interactions is *s*~thr~*=*−3. (**B**) The subset of duplicates and singletons for which interaction data are available exhibits an excess of duplicate fitness similar to that reported earlier for a genome-wide set by [@b8]. Shown is the number of genes assigned to the two fitness classes (Materials and methods), for duplicates and singletons. (**C**) The excess number of duplicate genes in the WNP class compared to singletons corresponds to the number of SSL duplicates in the data set. Shown is the total number of duplicates covered by the genetic interaction data set (left column) and the number assigned to the WNP class (middle column). The number of SSL duplicates is indicated in light blue. The right column shows how many WNP singletons are expected for the same number of genes, based on the proportion of singletons assigned to that class. (**D**) The observed correspondence between excess fitness and the number of backup duplicates remains stable over a range of fitness thresholds defining the WNP class (Materials and methods). Shown is the number of SSL duplicates assigned to the WNP class (orange) and the difference between the observed number of WNP duplicates and the expected number of WNP singletons (blue), as a function of the fitness threshold.](msb4100127-f1){#f1}

![(**A**) Backup (WNP) SSL duplicates have more similar sequences than non-SSL duplicates. Shown is the distribution of non-synonymous substitution rates *k*~a~ for both sets of genes. A corresponding plot for the same measure normalized by the rate of silent substitutions is shown in [Supplementary Figure 3](#S1){ref-type="supplementary-material"}. (**B**) Backup SSL duplicates have no less negative interactions than non-SSL duplicates and generic pairs of genes. No significant difference in the distributions of the number of interactions was found between the three groups (Kolmogorov--Smirnov test, *P*\>0.4 and *P*\>0.1). The number of interactions was normalized between the two data sets (Materials and methods). (**C**) Genetic correlation coefficients were evaluated as described in Materials and methods and by [@b32]. Shown are histograms of the distributions associated with SSL backup genes, non-SSL duplicates and random pairs of genes. The distributions between SSL and non-SSL duplicates are significantly different (Kolmogorov--Smirnov test *P*\<0.002). (**D**) Genetic interactions of SSL duplicate pairs. Blue boxes in each lane indicate genes with an SSL interaction. Numbers next to the gene pairs represent the Pearson correlation coefficient of their genetic interaction profiles. The two matrices correspond to the two interaction data sets used. See [Supplementary Table 2](#S1){ref-type="supplementary-material"} for a list of specific and common interaction partners for each duplicate pair. An example of duplicates that are highly correlated in their genetic patterns but perform different functions is provided by alg6 and alg8, which are performing different functions within the same pathway. It is interesting to note that the interaction strength between these is significantly lower than for the remaining SSL duplicates (below the threshold of −3 used in this study), and that at least one of the genes (alg6) has a detectable deletion growth defect. (**E**) Duplicates are less correlated in their patterns of genetic interactions with their paralog than with other genes in the data set. For each duplicate, correlation coefficients between its epistatic profile and of each of the remaining genes in the data set were calculated and the resulting coefficients were rank-ordered. The rank *R* represents the rank of the correlation with the corresponding paralog in this sequence, for example, *R*=3 if the correlation with the duplicate copy was the third highest. Shown is the number of buffering duplicates for which the rank is at most *R*, as a function of *R*.](msb4100127-f2){#f2}

![(**A**) Two distinct reasons for duplicate retention: functional divergence and dosage amplification for high copy numbers. (**B**) Relationship between similarity in genetic interaction patterns, protein abundance and mRNA coexpression. Shown is a scatter plot of genetic profile correlation (expressed as *P*-value to correct for different-size data sets) and protein copy numbers for backup SSL duplicates. Points are color-coded according to their expression correlation coefficients, as indicated. (**C**) Distribution of genome-wide protein copy numbers of the full set of duplicates and singletons (\>2000 genes). (**D**) Expression profiles of abundant duplicates are significantly correlated (Kolmogorov--Smirnov test *P*=10^−126^). Duplicates were partitioned by their protein copy numbers, using a cutoff ln(abundance−cut)=9 (dashed line in (C)). Shown is the distribution of Pearson correlation coefficients between expression profiles of random sets of genes (blue line), abundant duplicates (red bars) and duplicates where at least one paralog is less abundant than the cutoff (gray bars). As in (C), the full set of duplicates and singletons was used. The effect remained qualitatively similar and highly significant (*P*=10^−95^) after ribosomal proteins were removed from the analysis ([Supplementary Figure 4](#S1){ref-type="supplementary-material"}). Distributions for abundant and non-abundant random pairs of genes are shown in [Supplementary Figure 5](#S1){ref-type="supplementary-material"}. (**E**) Abundance values of duplicates and in particular backup SSL are significantly more similar than those of unrelated pairs of genes (*P*=10^−4^). The similarity in protein abundances of a pair of genes is represented by the quantity Δabundance=(*ab*(*a*)−*ab*(*b*))/(*ab*(*a*)+*ab*(*b*)), where *a* and *b* represent the protein copy numbers of each paralog. Shown are the distributions for random pairs of genes (blue line), backup SSL (gray bars) and NSSL genes (orange bars). (**F**) On a genomic scale, the tendency of duplicates toward similar copy numbers is significant (*P*=10^−13^) and greatest for duplicates with correlated expression profiles. Shown are the distributions of abundance similarity for generic duplicates (light gray), duplicates whose expression correlation is at least 0.6 (white bars), duplicates whose expression correlation is at least 0.8 (dark gray bars) and random pairs of genes (blue lines). The full set of duplicates and singletons was used. Removal or ribosomal genes from the analysis resulted in similar distributions ([Supplementary Figure 6](#S1){ref-type="supplementary-material"}), albeit with lower *P*-value (\<10^−7^).](msb4100127-f3){#f3}

![(**A**) Genetic interactions can elicit phenotypes from genes required only in specific conditions. The two genes hac1 and ire1 are inducers of the unfolded protein response, whose deletion has little or no effect on cellular growth rate (deletion fitness *f*=1 in both cases). However, simultaneous deletion of genes affecting protein folding results in a strong growth defect (synthetic interaction). (**B**) Genetic interactions reveal a phenotype for many genes that are missed in single gene deletion assays under the same conditions (rich media). Shown in blue is the fraction of genes with at least × SSL interactions, as a function of *x*. Two different significance cutoffs for negative interactions were used (light and dark blue). The red and orange lines represent the fraction of genes with a deletion growth defect, for two choices of the fitness threshold (red and orange). (**C**) Genetic interactivity (number of negative interactions) correlates with probability of gene retention between *S. cerevisiae* and *C. albicans*. Comparisons with other yeast species produce similar results ([Supplementary Figure 7](#S1){ref-type="supplementary-material"}). Genes covered by the ER interaction data set were arranged by the number of negative interactions and partitioned into bins of 50 genes each. The two lines correspond to genes of the same data set that are annotated as either essential or viable in the SGD database. For each bin, the fraction of genes shared between the species is shown. The range of the number of interactions is indicated above next to the data points. Results obtained using the chromosome biology data are similar (data not shown). The correlation between phylogenetic retention and genetic interactivity is stronger than that between retention and quantitative growth defects in rich media or across a range of environments ([Supplementary Figure 8](#S1){ref-type="supplementary-material"}; correlations between binned quantities are *r*^*2*^*=*0.93, *r*^*2*^*=*0.56 and *r*^*2*^*=*0.89, respectively). (**D**) Comparison between the ability of sensitivity and genetic interaction profiles to cluster functionally similar genes. Gene associations based on profile similarity were evaluated against GO functional annotations (Materials and methods). The number of correct predictions was plotted against the number of false positives for a range of thresholds. Genes were limited to those assigned to the chromosome biology data set for both methods. (**E**) The number of genetic interactions is related to sensitivity of deletion mutants in response to 51 different drugs and environments. Genes were assigned to bins according to the logarithm of their number of genetic interactions. Each gene is associated with a score representing its combined sensitivity to the different environments (Materials and methods). Shown is the mean sensitivity score of genes assigned to each bin. The number of genes is indicated above the corresponding bars. The Pearson correlation coefficient between the unbinned quantities is *c*=0.36 (*P*\<10^−26^). A similar result is obtained when only naturally occurring environments are considered ([Supplementary Figure 9](#S1){ref-type="supplementary-material"}), with a correlation coefficient of *c*=0.32 (*P*\<10^−21^). (**F**) Deletions of SSL duplicates have a comparable effect on growth rate across a range of environments as deletions of non-SSL duplicates and random genes. A similar result is obtained when only naturally occurring environments are considered ([Supplementary Figure 6](#S1){ref-type="supplementary-material"}).](msb4100127-f4){#f4}
